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Recently, social media, particularly microblogs, have become highly valuable 
information resources for many investors. Previous studies examined general stock 
market movements, whereas in this paper, USD/TRY currency movements based on the 
change in the number of positive, negative and neutral tweets are analyzed. We 
investigate the relationship between Twitter content categorized as sentiments, such as 
Buy, Sell and Neutral, with USD/TRY currency movements. The results suggest that 
there exists a relationship between the number of tweets and the change in USD/TRY 
exchange rate. 
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1    Introduction 
According to Efficient Market Hypothesis (Fama, 1965), all available new and even hidden 
information is reflected in market prices because investors,  being rational, want to maximize 
profits. The researchers widely accepted this hypothesis as a primary idea explaining the 
markets in general. However, the undeniable role of human sentiment, behaviors and 
emotions, which include the social mood in financial decision making, (Nofsinger2010), and 
behavioral finance as pioneered by Kahneman and Tversky (1979), have become a rising area 
of research challenging the existence of efficient markets (see, for example, Baker & Wurgler, 
2007).  
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Sentiment analysis, also known as opinion mining, is a computer-based study that 
addresses opinion-oriented natural language processing. Such opinion-oriented studies 
include, among others, genre distinctions, emotion and mood recognition, ranking, relevance 
computations, perspectives in text, text source identification and opinion oriented 
summarization (Kumar and Sebastian, 2012). Through the growing application of internet 
technologies and the possibility of the implementation of practical applications in many areas, 
sentiment analysis is gaining importance. In this context, researchers have explored a variety 
of methods to compute indicators of the public sentiment and mood from large-scale online 
data.  
There are three prominent types of online data sources that have been used for financial 
analysis. First, news sites have been perceived to be an important source for the sentiment of 
the investor (Tetlock, 2007). Second, search engine data have been informative before market 
fluctuations by the use of search volume of the stock (Da et al., 2010). Third and last, the 
source of online data is social media feeds. Social media feeds are becoming highly important 
for determining and measuring the social mood and investor behavior. Twitter is a popular 
microblogging service whereby users write messages called “tweets”. Millions of messages 
are written daily, and there is no limitation for the content.  
The aim of this paper is to identify, investigate and evaluate valuable features and patterns 
in the price movement performance of the US Dollar/Turkish Lira exchange rate (USD/TRY) 
parity by analyzing the relevant data gained from Twitter with sentiment analysis.  We will 
try to determine if an analysis of the messages found on Twitter can be used as an input in the 
decision-making process for investing decisions. The main contribution of the paper is the 
application of Twitter sentiment analysis on the foreign exchange market from an emerging 
economy. This study represents the first time that such an investigation has been done in that 
context, although there are many works examining the effects of Twitter-generated sentiments 
on stock market movements. One benefit of studying the foreign exchange market is that, due 
to the huge forex volume, the possibility of manipulation due to Twitter misinformation is 
expected to be lower than in stock market analysis. 
In the next section, we present the relevant literature. In section 3 we describe data used 
and methodology. Our results are in section 4. The last section concludes. 
2    Review of the Literature 
There are many studies that aim to identify a method to predict or even understand financial 
market movements properly. After the popularization of social media, such as blogs, micro-
blogs and such sites as Facebook, there is now a new data source. This data source contains 
huge amounts of data; therefore, with the help of developed computer technologies, the use of 
sentiment analysis techniques has grown in recent years. Early papers analyzing the effects of 
sentiments on stock performance such as Wysocki (1998), Tumarkin and Whitelaw (2001), 
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Dewally (2003), Antweiler and Frank (2004), Gu et al. (2006) have determined, with various 
degrees of success, the role that sentiments in the form of micro blogs and/or micro stock 
message board activity have in the prediction of excessive stock returns. These findings have 
been supported by Tayal and Komaragiri (2009), who found that analyzing micro-blogs is 
more reliable for predicting the future performance of a company than larger regular blogs. 
The use of Twitter-based micro-blog data has been applied in areas other than the 
prediction of stock behavior (see, for example, Asur and Huberman,2010, for the prediction 
of movie box-office revenue by the analysis of relevant tweets). Twitter-based stock market 
analysis is found in papers by Sprenger and Welpe (2010), Bar-Haim et al. (2011), Bollen et 
al. (2011), Hsu et al. (2011), Mao et al. (2011), Zhang et al. (2011), Ruiz et al. (2012) and 
Rao and Srivastava (2013). These studies have found that Twitter sentiments have a 
significant predictive ability for stock behavior, although not always a strong one. In a related 
study of the forex market, Vincent and Armstrong (2010) found that Twitter data are more 
useful for predicting break points than classical methods.  However, their analysis did not 
attempt to evaluate the predictive impact of Twitter-based sentiments on the forex market, nor 
did they analyze the forex market of an emerging economy, which we undertake in our paper. 
3    Data and Methodology 
3.1  Data 
In this paper, data mining and text mining techniques are used to predict changes in the 
exchange rate based on the relevant Twitter content. Data mining is a process to identify new 
knowledge from existing large data sets (Chakrabarti et al., 2004). Text mining refers to the 
process of discovering interesting patterns from text documents (Tan, n.d.). We use data 
mining techniques, such as regression and dimension reduction, and text mining techniques, 
such as sentiment analysis, are used to analyses parity movement performance. 
The analysis is based on the data for the year 2013. The daily exchange rate of USD/TRY, 
i.e. the number of Turkish lira per one dollar were retrieved from Central Bank of the 
Republic of Turkey (www.tcmb.gov.tr), for the period 01.01.2013 – 31.12.2013. Return series 
are calculated by the formula below: 
ܴ݁ݐ = ln ݌௧݌௧ିଵ 
 where: pt denotes the exchange rate at the end of day t 
 
The reason for using return data instead of price data is to determine the direction of currency 
movement. If the return value is positive, the value of the dependent variable is defined as 1, 
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and if return value is negative or equal to 0, it is defined as 0. Table 1 below summarizes the 
descriptive statistics for return of USD/TRY. 
Table 1. Descriptive Statics for Return of the USD/TRY Exchange Rate 
 
 Return 
Mean 0.0005 
Standard Deviation 0.0111 
Median 0.0000 
Maximum 0.1294 
Minimum -0.1292 
Skewness -0.0685 
Kurtosis 111.1495 
Jarque Berra 163748.8 
P-value  0.0000 
 
Twitter sentiments have been collected through Twitter with the keywords USD/TRY, 
#USD/TRY, Dollar, #Dollar from 01.01.2013 to 31.12.2013. All tweets are sorted into 3 
different categories depending on their sentiment, which are Buy, Sell and Neutral. The terms 
defined as Buy, Sell and Neutral represent the number of tweets by the given date. Tweets are 
calculated for each day and distributed for the three categories depending on their sentiment, 
as mentioned previously. Table 2 below displays used Twitter content as an example. When 
the first comment was made the exchange rate was around 2, therefore it indicates a BUY 
sentiment. 
Table 2. Example Classification of Twitter Content 
 
 
Finally, to combine return series and Twitter data, the number of positive, negative and 
neutral sentiments are calculated separately for each day.1 
3.2 Methodology 
We use a binary dependent variable, logit model, to conduct the analysis of the Twitter data.  
The logit regression model is displayed below: 
                                                 
1 The data are available from the authors upon request. 
User Name Date Twit Sentiment
@Tembel_Trader 31/10/2013 In March #USDTRY will be 2.2 #BIST100 69000 BUY
@selmanozalp 20/07/2013 After a recent upward movement, USDTRY will sharply decrease SELL
@DirencNokta 16/08/2013 The margin of USDTRY is get too narrow NEUTR
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ܼ௧ = 	ߙ + ߚଵܤݑݕ௧ିଵ +	ߚଶ݈݈ܵ݁௧ିଵ + ߚଷܰ݁ݑݐ௧ିଵ + ݑ௧ 
௧ܲ = ݂(ܼ௧)	 
ܼ௧ = 	 ቄ1	݂݅	ݎ݁ݐݑݎ݊	ܽݐ	ݐ݅݉݁	ݐ > 00							݋ݐℎ݁ݎݓ݅ݏ݁  
ܤݑݕ௧ିଵ = ܰݑܾ݉݁ݎ	݋݂	݌݋ݏ݅ݐ݅ݒ݁	ݐݓ݁݁ݐݏ	݋݊	ݐℎ݁	݌ݎ݁ܿ݁݀݅݊݃	݀ܽݕ	 
݈݈ܵ݁௧ିଵ = ܰݑܾ݉݁ݎ	݋݂	݊݁݃ܽݐ݅ݒ݁	ݐݓ݁݁ݐݏ	݋݊	ݐℎ݁	݌ݎ݁ܿ݁݀݅݊݃	݀ܽݕ 
ܰ݁ݑݐ௧ିଵ = ܰݑܾ݉݁ݎ	݋݂	݊݁ݑݐݎ݈ܽ	ݐݓ݁݁ݐݏ	݋݊	ݐℎ݁	݌ݎ݁ܿ݁݀݅݊݃	݀ܽݕ	 
ݑ௧ = ݅݅݀	݀݅ݏݐݑݎܾܽ݊ܿ݁	ݐ݁ݎ݉ 
The sentiments in Twitter, which are the Buy, Sell and Neutral data, are used from the 24 
hours in the preceding day since we expect a delay in the effects of Twitter data on the 
exchange rate.  
4    Results  
The results of the logit regression are shown in Table 3. 
Table 3. Regression Results 
 
Variable Coefficient Prob. 
C -0.686 0.002 
Buyt-1 0.09  0.000* 
Sellt-1 -0.17 0.000* 
Neutt-1 0.042 0.089 
McFadden R-squared   0.168 
 
* Significant at the 5% level 
 
The results indicate that Twitter sentiment affects the exchange rate. The coefficient on the 
Buy_t-1 variable is positive, and the coefficient on the Sell_t-1 variable is negative. Both are 
significant at the 1% level. The coefficient on the Neut_t-1 variable is insignificant. 
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The McFadden R-squared value is 0.168 in this model. Normally, the value of McFadden 
ranges from 0 to 1, and if the results are between 0.2-0.4, it is accepted as the perfect fit. The 
value of McFadden in this study is very close to 0.2, so it can be accepted as a strong model. 
Because normally there are many factors that can affect the exchange rate, and they are left 
out in this study to concentrate on the effects of tweets, a perfect fit should not be expected. 
The mean values of the Twitter sentiment in the analyzed period are summarized in table 4 
below. 
Table 4. Mean Values for the Number of Each Tweet Classifications 
 
 Mean  
Buyt-1 7.68 
Sellt-1 4.53 
Neutt-1 10.49 
Z 3.576 
 
The probability of an increase in the exchange rate based on the Z value calculated when all 
the variables are at their mean values is approximately 42 percent. 
To calculate the effect of a one-unit increase in the variables, the formulas used are the 
following: 
ܯܽݎ݈݃݅݊ܽ	ܧ݂݂݁ܿݐ	݋݂	ܤݑݕ୲ିଵ = 	݂(ݖ)ߚଵ 
ܯܽݎ݈݃݅݊ܽ	ܧ݂݂݁ܿݐ	݋݂	݈݈ܵ݁୲ିଵ = 	݂(ݖ)ߚଶ 
ܯܽݎ݈݃݅݊ܽ	ܧ݂݂݁ܿݐ	݋݂	ܰ݁ݑݐ୲ିଵ = 	݂(ݖ)ߚଷ 
The f(z) value is equal to 0.244. The calculated marginal effects can be found in Table 5. 
Table 5. Marginal Effects of Each Tweet Classifications 
 
 Marginal Effect 
Buyt-1 0.022 
Sellt-1 -0.041 
Neutt-1 0.010 
 
These results imply that, when the number of tweets are at their mean values, a 1% increase in 
the number of tweets expressing positive sentiment in the preceding day raises the probability 
of an increase in the exchange rate by 0.17%, and a 1% increase in the number of in the 
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number of tweets expressing negative sentiment raises the probability of a decrease in the 
exchange rate by 0.19%. 
Table 6 summarizes the estimated equation analysis for logit estimation. P(Z=1)≤0.5 
shows the number of times that the predicted probability of Z being equal to 1 is less than or 
equal to 0.5; P(Z=1)>0.5 shows the number of times it is less than 0.5. We treat prediction as 
correct when either P(Z=1)≤0.5 and Z=0 or P(Z=1)>0.5 and Z=1. Using this criterion the 
model correctly predicts 58% of increases in the exchange rate and 82% of decreases. These 
results suggest that the model fit is reasonable, even though the only variables used to explain 
the movement of the exchange are the number of tweets in the previous day. 
Table 6. Estimated Equation Analysis  
 
 Estimated Equation 
 Z=0 Z=1 Total 
P(Z=1)≤0.5 156 61 217 
P(Z=1)>0.5 34 84 118 
Total 190 145 335 
Correct 156 84 240 
% Correct 82.11 57.93 71.64 
% Incorrect 17.89 42.07 28.36 
 
5    Conclusions  
The Efficient Market Hypothesis was challenged by behavioral finance by observing the 
importance of human emotion, sentiment and mood in financial decision-making. Thus, a 
question arose: What is the best model to predict the behavior of the financial markets? 
Previous research tried to analyze many different types of content such as surveys and news. 
After the growth of internet technologies and as a result of social media, researchers started 
paying attention on the predictive ability of social media. In many areas, social media data are 
analyzed for purposes of prediction, such as stock markets, box-office returns and brand 
value; however, there is no research on the foreign exchange markets to date. This paper’s 
contribution to the literature is the analysis of USD/TRY data with the relevant Twitter 
content. 
In this paper, we study Twitter data for the period 01.01.2013 to 31.12.2013 to analyze 
exchange rate sentiment.  The returns of USD/TRY are calculated on a daily basis, and the 
logit model is used to analyze Twitter content and currency data.  
We find that there is significant relationship between Twitter sentiment and USD/TRY 
movements. Our study indicates that it is possible to improve the prediction of exchange 
range movements using Twitter data.  
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